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ABSTRACT A new method for computing evolutionary
distances between DNA sequences is proposed. Contrasting
with classical methods, the underlying model does not assume
that sequence base compositions (A, C, G, and T contents) are
at equilibrium, thus allowing unequal base compositions
among compared sequences. This makes the method more
efficient than the usual ones in recovering phylogenetic trees
from sequence data when base composition is heterogeneous
within the data set, as we show by using both simulated and
empirical data. When applied to small-subunit ribosomal
RNA sequences from several prokaryotic or eukaryotic or-
ganisms, this method provides evidence for an early diver-
gence of the microsporidian Vairimorpha necatrir in the eu-
karyotic lineage.

Several distance-based algorithms of phylogenetic tree recon-
struction are known to recover the true tree when the distance
used is tree-like, i.e., when there is a tree and a set of branch
lengths such that the distance between any sequence pair
equals the length of the shortest path on the tree connecting
the pair (1, 2). Obviously, the average number of nucleotide
substitutions per site between two DNA sequences is such a
tree-like distance. Therefore, properly estimating this value is
a sufficient condition for reconstructing the actual phyloge-
netic tree. Estimating the average number of nucleotide sub-
stitutions per site between two DNA sequences involves
making assumptions about the evolutionary process in both
lineages. Departures of actual data from these assumptions are
likely to lead to inaccurate distance estimates. Specifically,
hypotheses of homogeneity (i.e., constancy of the process with
time and among lineages) and stationarity (i.e., constancy of
base composition within each lineage) are usually assumed.
Both imply that nucleotide frequencies of all present-day
sequences are equal, which is clearly wrong for many data sets:
genomes of bacteria (3), animals (4), and plants (5) vary widely
in their base composition. If sequences of unequal base
compositions are compared, estimates obtained by the usual
methods may become biased.

Effects of unequal base compositions on phylogenetic re-
constructions have been little studied to date. Loomis and
Smith (6) and Hasegawa et al. (7) suggested that ribosomal
RNA-based phylogenetic trees may be misleading because of
compositional bias. Saccone et al. (8) indicated that their
evolutionary distance estimate became biased in the nonsta-
tionary case. Weisburg et al. (9) showed that trees derived from
bacterial sequences with unequal nucleotide frequencies could
be misleading and overcame the difficulty by a more stringent
choice of sites. Steel et al. (10) proposed a modified version of
Felsenstein's (11) parsimony-based test of phylogenies, taking
base composition into account.

Here we show that violation of the homogeneity and station-
arity hypotheses may strongly decrease the ability of tree-making
methods in recovering the actual phylogenetic tree. We present
an algorithm for estimating pairwise evolutionary distances with-
out assuming homogeneity or stationarity of the evolutionary
process. This distance estimate should be useful for phylogenetic
analyses when compositional biases are observed.

THEORY

Two main factors are usually considered to bias nucleotide
substitution rates: the transition/transversion ratio and the
G+C content (12). We used an evolutionary model (Fig. 1)
that was built to reflect these two factors. In this Markov
model, the process in lineage 1 may differ from that in lineage
2, although both processes are constant in time. Sequence base
composition may change with time in both lineages and need
not be the same in present-day sequences 1 and 2. The total
number of parameters is five: 00 stands for G+C content in the
ancestral sequence, 01 and 02 stand for equilibrium G+C
contents in lineages 1 and 2, a allows for unequal transition and
transversion rates, and r is a rate parameter. This model
reduces to Tamura's (13) three-parameter one when 01 = 02 =
0, and to Kimura's (14) two-parameter one when the 0 values
are set to 0.5.

In this model, substitution rates per time unit from nucle-
otides A, C, G, and T in lineage i (i = 1 or 2) are given by

AAi = ATi = (1 + Oia)r/2

AC, = AGi= [1 + (1 - Oi)a]r/2. [1]

Let Ai(t), Ci(t), Gi(t), and Ti(t) be the base frequencies at time t
in lineage i. Then K, the average number of nucleotide substitu-
tions per site for T units of evolutionary time, is given by

2 rT
K= I [Ai(t)AA, + Ci(t)Ac1 + Gi(t)AGi + Ti(t)AT]ldt. [2]

i=1J
Let us derive expressions of A, C, G, and T contents in lineage
i. Obviously, at any date t,

1 1
Ci(t) = Gi(t) = - Ti(t) = -3Ai(t).

The evolution of Ai is given by

Ai(t + dt) = Ai(t)(1 - AA1dt)

+ {[Ci(t) + aGi(t) + Ti(t)](1 - O)r}dt/2.

Abbreviations: SSU rRNA, small subunit ribosomal RNA; ML, max-
imum-likelihood; MP, maximum-parsimony; NJ, neighbor-joining; JC,
Jukes and Cantor; TN, Tajima and Nei.
*To whom reprint requests should be addressed.
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Eq. 8 holds because in any lineage i, the pyrimidine-to-
purine substitution rate is the sum of substitution rates from
pyrimidine to A [(1-0,)r/2] and from pyrimidine to G [0ir/2],
and similarly for purine-to-pyrimidine substitutions, so that the
total transversion rate equals 2[(1 - Oi)r/2 + (0'r/2)] = r,
which does not depend on Oi, the equilibrium G+C frequency.
Parameter rT can therefore be estimated inverting Eq. 8:

1
rT= --ln(1- 2Q).2 [9]

It can be shown that under the present model parameter 00
is given by

A

I
A

T

c

G

T c G

1- \A 2. r 2. r a.L 2.r

2.r l-2T a. 2r
2

r

2 2 2Qi1.r a.QL21r 1- XC 2 ..r

a.O0.r 0.1.r 0.1.r 1- \G
12 2 2M

ml

same as M, with

parameter 02

M2

FIG. 1. Sequences 1 and 2 evolved from common ancestor 0 during
time T. The ancestral base composition is described by G+C content
0O. The A and T contents are assumed to be equal at time 0 (and will
remain so in both lineages), as are the G and C contents. Rates of
nucleotide substitutions are given by matrices Ml and M2, for lineages
1 and 2, respectively. Both processes follow Tamura's (13) model, but
process 1 may not be the same as process 2. Parameters 01 and 02 are
equilibrium G+C contents in lineages 1 and 2, respectively. Ax is the
substitution rate of nucleotide X in lineage 1.

Substituting Eqs. 1 and 3 into Eq. 4, we obtain the differential
Eq. 5:

dA lim Ai(t + dt) -Ai(t)
dt dt O dt

a + 1 (1- 0)(1 + a)
= - 2 rAi(t) + r.

2 4 [5]

The solution of Eq. 5 with initial condition Aj(O) = (1 - Oo)/2
is

Ai(t) = Ti(t) = -Ci(t) = -Gi(t)

1 2o + oi 00e (a+I)rt/2 [6]

Substituting Eq. 6 into Eq. 3 and integrating the resulting
equation leads to the expression of the evolutionary distance:

K = KjrT + K2(1 - e(a+l )rT/2) [7]

where K1 = 1 + a[01(1 - 01) + 02(1 - 02)] and K2 = [a/(a
+ 1)][(Oo - 01)(1 - 201) + (Oo - 02)(1 - 202)].

Estimates of parameters rT, 00, Oi, 02, and a are required to
compute K, the evolutionary distance.

Let Q be the observed proportion of sequence sites showing
a transversion difference. Tamura (13) showed that the ex-
pected value of Q under his substitution model was indepen-
dent of equilibrium frequencies Oi and 02. In Tamura's model,
equalities Oi = 02 = 00 were assumed, but these conditions are
not necessary and the following equation indeed holds for the
present model:

Q = (1 - e-rT)/2. [8]

ol + 02 + 1 01 02 + D e(a+1)rT/2
2 2 [10]

where D = YCC + YCG + YGC + YGG - YAA - YAT - YTA YTT,
with YMN being the observed proportion of sequence sites
having nucleotide M in sequence 1 and nucleotide N in
sequence 2.
We used approximate values for parameters 01, 02, and a,

since providing exact analytical solutions happened to be a
difficult task.

Estimates 01 and 0& of parameters 01 and 02 are given by the
G+C contents of sequences 1 and 2, respectively. This assumes
that the equilibrium base composition has been reached in both
lineages. With this additional assumption, Eq. 10 reduces to

01 + 02
00=- 2 [11]

Finally, the transition/transversion ratio is assumed to be
the same in all lineages. It is estimated once, from the whole
data set. In the substitution model of Fig. 1, the ratio between
the sums of transition and of transversion rates equals a/2.
This ratio is estimated following Kimura's (14) model for each
sequence pair (i, j):

a(i,j) ln[1 - 2P(i, j) - Q(i, j)] - -ln[1 - 2Q(i, j)]
2 ln[1 - 2Q(i, j)]

where P(i, j) is the observed proportion of sites in sequences
i and j showing a transition difference, and Q(i, j) is the
observed proportion of sites showing a transversion difference.
Estimate a of parameter a is given by the mean of a(i, j) values
for all sequence pairs. This estimate is used for all pairwise
distance computations.

Substituting these five estimates into Eq. 7 provides an
estimate k of the average number of nucleotide substitutions
between the two sequences:

K= - :-K1ln(l - 2Q) + K2[1 - (1 - 2Q)(6+1)/4], [13]

withK1 = 1 + a[0(1- 0) + 02(1 -02)],

and K2 =&+ 1 01 02)

If we assume that sampling variances of estimates a, Oo, Oi,
and 02 are very small, the sampling variance ofK is

.

+ 1 1 2Q(j Q)

V(K)K=1 + K 2 (1 -2Q) 12Q)2 [14]

where K1 and K2 are defined as in Eq. 13 and n is the sequence
length.

2
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FIG. 2. Branch lengths are expected numbers of substitutions per
site on the branch. Matrix Ml is given in Fig. 1, with 01 varying from
0.5 to 1 and a set to 2. Matrix K2 is that of Kimura's 1980 model (14),
with the transition rate/transversion rate ratio set to 2.

RESULTS
Computer Simulations. A computer simulation was con-

ducted to check the robustness of several tree-making methods
in cases of unequal nucleotide frequencies. The model tree
used is shown in Fig. 2. The ancestral sequence 0 was randomly
drawn with equal probabilities for bases A, C, G, and T. Its
length was 1000 bases. The evolutionary process in the whole
tree followed Kimura's (14) two-parameter model with a
transition/transversion ratio equal to 2, except for branches
leading to taxa 2 and 3, where the evolutionary process
followed a substitution scheme described by matrix Ml in Fig.
1 with a = 2. The matrix Ml, applied to both lineages 2 and
3, was varied between simulations by changing the value of
parameter Oi from 0.5 to 1, thus providing sequences with
increasing G+C contents. In all simulations, G+C contents of
sequences 2 and 3 were roughly equal because they were
derived from the same substitution matrix. For five tree-
making methods, the proportion of trees in which the correct
topology was recovered was plotted against the expected
G+C-content difference AGC between sequence 2 (or 3) and
sequence 1 (or 4). Constant (Fig. 3a) or gamma-distributed
(Fig. 3b) substitution rates among sites were employed. The
methods used were the maximum-parsimony (MP) method
(15), the neighbor-joining (NJ) method (1) with Jukes and
Cantor's (16) distance (NJ-JC), the NJ method with Tajima
and Nei's (17) distance (NJ-TN), the maximum-likelihood
(ML) method (18, 19), the NJ method with distances com-
puted from transversions only (i.e., using Eq. 9; NJ-eq9) and
the NJ method with Eq. 13 distance (NJ-eql3).
The first three methods (MP, NJ-JC, and NJ-TN) are highly

sensitive to compositional bias because their efficiency
strongly decreases when AGC increases. In case of failure, the
wrong topology supported is always tree [1,4][2,3], grouping
together sequences with similar base compositions. MP, NJ-
JC, and NJ-TN perform badly when AGC is higher than 10%

a
100

80 NJ-eql3ML
60 - \qi NJ-eq9
40-

20 - i NJ-TN
NJ-JC

0 ~~~~MP

Aquifex Thermotoga Thermus Deinococcus eubatheria

% G+C: 64.0 63.7 63.2 55.5 53.9

FIG. 4. "Other eubacteria" include Chlamydia, Spirochaeta, Bac-
teroides, Agrobacterium, Escherichia, Fusobacterium, Clostridium, Ba-
cillus, Micrococcus, and Anabaena. % G+C is SSU-rRNA G+C
content in positions retained for sequence comparisons. For other
eubacteria, the average G+C content is given.

(8% in case of unequal substitution rates among sites) and
systematically fail when AGC exceeds 20%. Comparable re-
sults were obtained by using the NJ method with Kimura's (14)
and Tamura's (13) distance estimates (data not shown).
The ML, NJ-eq9, and NJ-eql3 methods are clearly more

robust. Most importantly, NJ-eql3 performs better than ML
and than NJ-eq9 for high AGC values with or without variable
rates among sites. With variable rates among sites, a biologi-
cally more realistic situation, usual methods may become
highly misleading for AGC values as low as 6% or 8%,
depending on the shape and skewness of the gamma distribu-
tion.

Empirical Data. The efficiency of Eq. 13 for phylogenetic
reconstructions was further questioned by using real data-
namely, eubacterial small-subunit ribosomal RNA (SSU
rRNA) sequences. Part of the phylogenetic tree of eubacteria
is shown schematically in Fig. 4. The grouping of Deinococcus
radiodurans and Thermus thermophilus in a single ancient
phylum (9) and the earlier branchings ofAquifexpyrophilus and
Thermotoga maritima (20, 21) are well-established features in
the history of eubacteria. The SSU rRNA sequences of 14
eubacterial species, including Aquifex, Thermotoga, Thermus,
and Deinococcus species, were employed to reconstruct phy-
logenetic trees by NJ-TN, ML, and NJ-eql3 methods. The
G+C contents in these sequences are given in Fig. 4. Aquifex,
Thermotoga, and Thermus are G+C-rich, whereas other bac-
terial species used, including Deinococcus, are not. Sequence
alignment came from the Ribosomal Database Project (22),
with further manual refinements. Only regions that could be
aligned without ambiguity were used, and all positions with at
least one gap were removed; 1235 sites were examined.
When all 14 species were used, NJ-eql3 and NJ-eq9 recov-

ered the correct tree, whereas neither NJ-TN nor ML grouped
G+C-rich Thermus with G+C-poor Deinococcus. The reli-

AGC%

FIG. 3. Simulation was conducted according to Fig. 2. For each AGC value, 500 replications were performed. Lengths of sequences are 1000.
(a) Equal substitution rates among sites. (b) Gamma distribution with shape parameter value 0.8 for substitution rates among sites.
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abilities of the relevant internal branches were assessed by
bootstrap analysis (23). The wrong Aquifex/Thermotogal
Thermus clade was supported by 985 bootstrap replicates out
of 1000 when NJ-TN was used. This result emphasizes a
well-known property of bootstrapping: if the tree-making
method used is inaccurate, a wrong internal branch may be
highly supported by bootstrap analysis. Thus, even well-
supported internal branches may be wrong in case of compo-
sitional bias. The bootstrap score of the true tree recovered by
NJ-eql3 was 93%. Five-species trees were also reconstructed
by using Aquifex, Thermotoga, Thermus, Deinococcus, and one
of the 10 remaining species. Consistently, NJ-eql3 and NJ-eq9
performed better than other methods, supporting the true tree
in all 10 cases, whereas ML had 3 successes and NJ-TN none.
Eukaryote Phylogeny. Early branching orders in the eukary-

otic domain were studied by using SSU rRNA sequences.
Mitochondria-lacking diplomonads and microsporidia are
considered the most ancient eukaryotic phyla, since many
prokaryotic-like features were discovered in the primary and
secondary structures of their SSU rRNA (24, 25). Further-
more, it is commonly admitted that diplomonads constitute the
most ancient phylum (tree 2 in Fig.Sa), as that branching order
is supported by usual tree-making methods (24, 26, 27).
However, G+C-content differences between SSU rRNA of
these species are extreme, as shown in Fig. 5a, suggesting that
the usual methods may be misleading. We reexamined those
data by using Eq. 13 to compute evolutionary distances.
Twelve archaeal and 14 eukaryotic SSU rRNA sequences

were used, including those of the diplomonad Giardia lamblia
and the microsporidian Vairimorpha necatrix (903 sites were
used; alignments were from the Ribosomal Database Project).
Archaea rather than Eubacteria were chosen as an outgroup
becaus,e the similarity between archaeal and eukaryotic rRNA
sequences is greater than that between eubacterial and eu-
karyotic sequences. As expected, the NJ-TN and ML methods
reconstructed tree 2, but NJ-eql3 favored tree 1. Bootstrap
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FIG. 5. (a) Three alternative phylogenetic trees. G, Giardia lam-
blia; V, Vairimorpha necatrix; 0, archaeal outgroup (Halococcus,
Halobacterium, Methanobacterium, Methanococcus, Methanothrix,
Thermoplasma, Archaeoglobus, Thernococcus, Thermoproteus, Pyro-
dictium, Sulfolobus, and Desulfurococcus); I, eukaryotic ingroup
(Crithidia, Physarum, Euglena, Dictyostelium, Entamoeba, Saccharo-
myces, Babesia, Glycine, Oryza, Drosophila, Xenopus, and Homo). %
G+C is SSU-rRNA G+C content in positions retained for sequence

comparisons. For outgroup and ingroup, average G+C contents are

given. Circled numbers are bootstrap percentage supports from 1000
replicates for the NJ-eql3 (tree 1) and NJ-TN (tree 2) methods.
Bootstrap analysis was conducted with a reduced 12-species data set.

Species used were Halococcus, Methanobacterium, Thermoplasma,
Thernoproteus, Sulfolobus, Giardia, Vairimorpha, Crithidia, Physarum,
Dictyostelium, Saccharomyces, and Homo. (b) Numbers of recon-

structed trees of each alternative according to two distance compu-

tation methods for all 144 taxon quadruplets including Giardia,
Vairimorpha, one outgroup, and one ingroup. Tree 3 was never

reconstructed.

percent values for the NJ-TN and NJ-eql3 methods are given
in Fig. 5a. Four-species trees were also constructed, using all
possible sequence quadruplets that include Giardia and Vairi-
morpha together with one archaeal and one eukaryotic se-
quence. Results are shown in Fig. 5b.
These results strongly suggest that the G+C-rich Giardia

lamblia sequence is artifactually attracted by the relatively
G+C-rich prokaryotic sequences when usual tree-making
methods are used, and that tree 1 is the correct tree. Micro-
sporidia may thus be the most ancient known eukaryotic phylum.
Interestingly, quadruplets predicting tree 1 when the NJ-TN
method is used are those involving outgroups of low G+C
content and eukaryotic ingroups of high G+C content-i.e.,
cases where compositional effects are expected to be lower.
The NJ-eq9 method also supported the Archaea/

Microsporidia grouping, but the overall branching order of the
tree is highly dubious: mitochondrial Physarum polycephalum
branches off deeper than amitochondrial Giardia lamblia.
Note that tree 2, which may not be the true tree according

to the results above, gets a 99% bootstrap support when the
NJ-TN method is used. Again, a dubious internal node is highly
supported by bootstrap analysis when compositional effects
are not taken into account.

DISCUSSION
Compositional bias among compared sequences can have
strong consequences on phylogenetic studies: usual methods
tend to group together sequences with similar base composi-
tions, whatever their phylogenetic relationships. These wrong
clades may be highly supported by bootstrapping.
The method of distance estimation presented here attempts

to deal with varying compositional biases between species by
using a Markov model of nucleotide substitutions. The present
model, including initial conditions and distinct substitution
processes in two diverging lineages, is more realistic than the
usual models, whatever their particular substitution schemes,
in cases of compositional bias: a major feature of evolutionary
processes, diverging base compositions, is altogether ignored
by the usual models. The present model also provides a
theoretical basis for the use of transversions only rather than
both transitions and transversions in cases of compositional
bias: Eq. 9 shows that the transversion rate r does not depend
on base frequencies. Further, Eq. 13 gives an estimate of the
overall substitution rate by taking into account compositional
biases, extracting more information from the sequences than
the more basic transversion rate (Eq. 9).
The distance estimated by our method provides clear im-

provements for phylogenetic tree reconstruction when se-
quences with unequal base compositions are compared, as
both computer simulations and empirical data testing showed.
When the stationarity and homogeneity hypotheses are as-
sumed in evolutionary distance computation, the NJ method
performs badly in cases of unequal base compositions, whereas
it is quite efficient when Eq. 13 is used. The ML method is also
robust in our computer simulations with constant rates among
sites but performs badly when empirical data are used, as' it
fails to recover the true tree when 14 eubacterial sequences are
employed and it fails in more than half of the cases when
sequence quintuplets are used. Sensitivity to unequal rates
among sites may be the reason for these failures, as suggested
by computer simulations (Fig. 3b). Finally, the MP method is
quite misleading in cases of compositional bias.

Thus, Eq. 13 should be useful for phylogenetic studies when
there are strong differences between base compositions of
sequences. This happens frequently in nature, especially when
sequences from distantly related species are compared.
Genomic G+C content varies widely between early-branching
prokaryotic or eukaryotic species (see examples above), indi-
cating that many different evolutionary processes were fol-
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lowed. Clearly, we must take into account these compositional
effects for a better understanding of deep phylogenetic events.

A computer program for the distance computation described above
is available on request. This work was supported by the Groupe de
Recherche "Informatique et g6nomes" of Centre National de la
Recherche Scientifique.
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